Introduction
Magnesium, which is a degradable metal, has considerable potential for biomedical applications. The physical and mechanical properties of magnesium are comparable to that of bone [1] , and since the last century [2] , magnesium has been known as a suitable implant material for enhanced healing and mineralisation [3] [4] if corrosion is controlled. However, the mechanism for the degradation of magnesium has not yet been clarified, despite the availability of in vivo data [5] [6] [7] and clinical trials [8] [9] [10] .
The comparison of in vitro and in vivo data is very difficult because the majority of the parameters that can influence the degradation of magnesium cannot be easily measured in vivo [11] . Therefore, finding appropriate in vitro tests, despite available normative and standardisation procedures (e.g., ISO 10993 [12] or ASTM-G31-72 [13] ), is a significant obstacle [14] [15] . For example, in animal trials, it has been observed that the corrosion rate was slowed by several orders of magnitude compared to in vitro tests using standard laboratory corrosion solutions [16] , which indicates that the use of relatively simple corrosion solutions is not sufficient to describe the complex chemical reactions that occur in the body [17] [18] . However, even if realistic physiological conditions are avoided, the description of events during the corrosion process is already difficult when substances in addition to water and NaCl are present. Several explanations have been provided for the corrosion behaviour in Simulated Body Fluid (SBF) or other standard electrolyte solutions (Hank's balanced salt solution (HBSS), phosphate buffered saline (PBS), etc.) that lack proteins; the high amount of chloride in the corrosion media leads to high corrosion rates [19] [20] [21] . When using more complex media, such as cell growth media (e.g., Dulbeco's Modified Eagle Medium (DMEM) or Eagle's Minimum Essential Medium (EMEM)), the additional inorganic and organic compounds significantly alter 4 represented by the number of nodes and "hidden layers" in the ANN. To transmit a signal from one neuron to the next, the receiving neuron sums up the arriving chemical or electrical information until a certain threshold value is reached. After this threshold is reached, the neuron fires its signals to its neighbours. This step is also essential in the ANN, where an adjustable threshold in the neurons regulates when the input is transmitted to the following neurons.
ANNs are widely used in materials science, but they are also used in biological or medical studies (e.g., [33] [34] [35] [36] ). Only a few works can be found on the prediction of degradation behaviour of medical implants using an ANN [37] [38] . Here, we apply this method to analyse the correlation of nine parameters with respect to the measured corrosion rate of extruded pure Mg. We used different levels of O 2 (5 and 21%), CO 2 (0, 2.5 and 5%), proteins (FBS, 0, 10 and 20% by volume), and glucose (0 -4.5 g/L), changes in temperature (20 and 37°C) and the composition of different corrosion media (water, HBSS and DMEM) (69 parameter sets) as the input parameters.
Materials & Methods

Material
Magnesium (99.94 %, Magnesium Elektron, UK) was melted in a mild steel crucible under a protective atmosphere (Ar + 2 % SF 6 ). Ingots were produced by permanent mould direct chill casting [39] . The ingot was extruded to a 12 mm rod. Specimens (d = 10 mm, h = 1.5 mm) were machined from the rod and sterilised by ultrasonic treatment for 20 min in 70% ethanol.
Determination of corrosion rate
The corrosion rate was determined based on the weight loss after immersion for 72 h in distilled water, water with 3 g/L NaCl (Merck, Darmstadt, Germany), water with 3 g/L NaCl and 4.5 g/L glucose (Sigma-Aldrich Chemie, Taufkirchen, Germany), 
where Δg is the weight change (in g), A is the surface area (in cm 2 ), t is the immersion time (in h), and ρ is the density of the alloy (in g cm -3 ).
Neural Networks
ANNs . The best definition of the inputs is part of the ANN development and will be described in detail in sections 3.1 and 3.2.
As the output, we have a single output neuron, which predicts the corrosion rate.
In this work, feed forward neural networks are used, which are organised as a hierarchical neural network with an input layer, one hidden layer and an output layer [40] . The smooth sigmoidal function is chosen as the activation function. Training is performed by minimising the value of the error function
The first term of Eq. (2)  is typically chosen between 5 and 6 to obtain a smooth approximation of the training patterns.
In minimising the error E , both the output error and the values of the synaptic weights will be adjusted to be as small as possible, thus improving the generalisation of the network. The training algorithm refers to the RPROP algorithm [41] , which allows batch learning (simultaneous optimisation of all patterns) and is very quick and stable. In this algorithm, one optimisation increment that improves the synaptic weights for all patterns corresponds to one epoch. The applied neural network simulation and training software has been used in previous works (e.g., see [42] ).
After training, the saved ANN code can be called by a Python code, which allows for mapping the corrosion rate as function of the input parameters 
Results
Development of data base
The data base is the key for providing the relevant information for ANN training. and NaCl.
In the first series of experiments (Data Set #1, spheres, 36 measurements), the data points show a clear trend of increasing corrosion rate with increasing CO 2 concentration. However, this data set does not reveal any information between 0 and 5 % CO 2 , and thus, the ANN could freely choose its shape between these two values during training. The large gap, which exists for the NaCl concentrations between 0 and 6400 mg/L, could induce a similar problem. Consequently, poor generalisation within this undefined training space would result.
To also provide information in this area, additional grid points were defined and a second set of experiments was conducted (Data Set #2, stars). Viewing both data sets together (69 measurements total), the previously observed qualitative increase of the corrosion rate with increasing CO 2 concentration is still visible, but an easy understanding of the underlying dependencies is now obviously difficult.
With the aid of the ANN, we will follow a two-step strategy, where the importance of individual parameters will be initially identified followed by ANN analysis of the data base with a selection of important input parameters. Table 1 presents the ranges of the measured corrosion rates and the parameters that define the training space.
Identification of important parameters
A first impression of the information content of a certain parameter with respect to the corrosion rate can be obtained from the training of an ANN with a 1-3-1 architecture,
i.e., one input neuron, three hidden neurons and one output neuron. We provide one input parameter and train the network to predict the corrosion rate based only on this single piece of information. As an extension to a conventional correlation analysis, the ANN is given some flexibility to mimic a nonlinear one-to-one relationship through the three hidden neurons. All of the ANNs are trained by 1000 epochs. As a quality measure, we use the mean square error  
is the pattern number used for the training of the ANN. The results for all of the possible input parameters, which are sorted by increasing mean square error, are presented in Fig. 3 . The lower the error, the better the ANN can predict the corrosion rate from the given input parameter. From the ranking of the parameters in Fig. 3 , we can see that the two most important parameters are CO 2 and NaCl, followed by the other buffer contents.
The three buffer contents NaHCO 3, MgSO 4 and CaCl 2 present the same error. This result is due to a direct correlation of these three buffer contents as a consequence of preparing the different buffer systems. Therefore, CaCl 2 and MgSO 4 carry no additional independent information; they are linearly dependent on NaHCO 3 . For the subsequent analysis of the effect of NaHCO 3 with respect to the other independent parameters, it is necessary to eliminate MgSO 4 and CaCl 2 as possible inputs.
In a more refined step, a second type of ANN with a 6-3-1 architecture is trained, which is based on the following selected inputs: CO 2 , NaCl, NaHCO 3 , O 2 , T, glucose, and protein. By subsequently removing only one of these seven inputs, the relevance of the related input information can be determined. The larger the increase in the error, the more important the missing information is. The ANN trained with all seven inputs serves as a reference (7-3-1 architecture). The comparison of the results presented in Fig. 4 with those of Fig. 3 leads to the following conclusions: (a) there is agreement that CO 2 and NaCl are parameters of high importance; (b) temperature and NaHCO 3 are of medium importance; and (c) glucose is of lowest importance.
In contrast to Fig. 3 , Fig. 4 reveals that O 2 has also an important effect, which appears to be even larger than that of NaCl. Furthermore, the role of the protein is comparable to that of temperature and NaHCO 3 . Because of these observations, only glucose will be eliminated from further investigations. The effects of temperature, protein and NaHCO 3 should be further investigated in more detail.
Analysis of ANN prediction
In this subsection, five ANNs are trained with identical input definitions, network structure (6-3-1) and training duration (10000 epochs). These ANNs differ only in the initial random setting of the synaptic weights. The six inputs are defined by the following parameters: CO 2 , O 2 , NaCl, temperature, protein and NaHCO 3 . After training, the evaluation of the five ANN outputs allows an expected value and a standard deviation to be derived for a given set of inputs. In this way, we gain additional insight into the reliability of the prediction -or uncertainty of the ANN training -depending on the position in the parameter space. This statistical approach could be further refined in the future through the use of Bayesian Neural Networks, where distributions of ANNs can be generated according to their probability with respect to the presented set of training patterns [43] .
After training, the performance of the averaged ANN response is checked with respect to the re-prediction of the original training data (combined Data Set #1 and #2). In Fig. 5a , the predicted (averaged) ANN output is plotted versus the desired value for all of the training patterns. The error bar indicates the standard deviation derived from the five ANN responses for the individual training patterns. Fig. 5b presents the absolute values of all errors
, which are sorted by increasing error value and plotted versus the normalised pattern number P p / . It can be observed that the error in the predicted corrosion rate is less than 0.55 mm/year for 90% of the training patterns. This error band, which is denoted as a 90% confidence interval, is included in Fig. 5a (dashed lines correspond to the desired value of the corrosion rate, ±0.55 mm/year). Fig. 5a also reveals that only a few predictions exhibit a significant standard deviation that is comparable to the 90% confidence interval.
A first evaluation of the ANN response for the reference case, which is defined as O 2 = 21%, T = 20°C and the absence of protein and NaHCO 3 , is shown in Fig. 6. Fig. 6a presents the expected value, which is averaged from the five ANNs. In the absence of CO 2 , a monotonic increase in the corrosion rate can be observed with increasing NaCl; the ANNs predict a maximum at a CO 2 concentration of 5%. This behaviour is in agreement with the data shown in Fig. 2 , where the additional values of Data Set #2 (stars) show this clear maximum.
The standard deviation, which is plotted in Fig. 6b , is in agreement with the provided data base. The density of the data is high, and the standard deviation of the ANN prediction is low along the boundaries with the lowest and highest NaCl concentrations. In the centre region, we have a lower density of patterns leading to a maximum standard deviation of approximately 1 mm/year for the ANN prediction.
From the discussion with regard to Figs. 3 and 4 , it is still unclear in which combination and in which region certain parameters become important. In the following, we use the ANN to investigate the effects of O 2 , temperature, protein, and NaHCO 3 . For a better comparison, the effect of each of these parameters is studied individually.
The results are presented in Fig. 7 as the change in the corrosion rate with respect to the reference case, which was shown in Fig. 6a . In this plot, a noticeable effect for O 2 and NaHCO 3 can be observed. For medium and high CO 2 concentrations, a reduction in the O 2 concentration from 21 to 5% increases the corrosion rate by more than 1 mm/year. Adding NaHCO 3 can decrease the corrosion rate by approximately 1.5 mm/year. In contrast to O 2 , the effect here is larger for low CO 2 concentrations.
Protein and temperature only have an intermediate but opposite effect for high CO 2 concentrations, whereas for a low CO 2 concentration, the effect of both is negligible.
At high CO 2 concentrations, an increase in protein slightly decreases the corrosion rate while an increase in temperature slightly increases the corrosion rate by approximately 0.5 mm/year.
Discussion
The ANN analysis in section 3.3 revealed that the concentrations of CO 2 The ANN analysis provides us with information about the relevance of different parameters that influence the corrosion rate and might provide an indication of how in vitro assessments of new biodegradable alloys should be performed. However, in the context of medical applications, papers can currently be found where magnesium corrosion is measured at room temperature and in more or less physiological solutions [44] [45] . The increase of temperature to 37°C, which can easily be achieved, is still not a standard procedure. However, in recent years, it has become more evident that considering additional parameters is beneficial for the correlation of Mg corrosion in vitro and in vivo. In addition to the increase of the temperature to a meaningful range, f.e. SBF with HEPES or TRIS are used to at least partially the mimic buffering capacity of blood [46] [47] [48] [49] [50] [51] [52] . However, despite an ongoing discussion about the appropriateness of using SBF [53] , it is often disregarded that the buffering capacity of most solutions is dependent on the supply of gaseous CO 2 , which is also the mechanism of blood buffering capacity [54] . The use of cell culture medium is not obvious, but it has become more popular [17, 27, [55] [56] [57] . However, even in high quality publications, a critical discussion on the differences in the corrosion rate when comparing measurements under standard conditions with cell culture conditions or in vivo studies is not considered [58] . To come closer to in vivo -without knowing what that entails exactly -the influence of proteins [26, 59] or the implementation of flow [60] is considered. While proteins should reduce the corrosion rate by mere adhesion and the direct electrostatic interaction of Mg 2+ to bind the protein to the surface [23, 59, 61] or by changing the composition of the corrosion layer [26] , flow will increase the corrosion rate due to a pH value that is maintained in the neutral range.
In addition to this phenomenological description of the influence of external parameters on the degradation behaviour, the chemical reactions that are discussed in the context of Mg degradation are usually oversimplified [62] and do not consider that solubility is dependent on pH, the common-ion effect, temperature, the ionic strength of the solution and pressure [63] .
To summarise: the information that we have on the corrosion of Mg under physiological conditions is very limited, and due to the highly complex system, a thorough chemical description of the involved processes is experimentally difficult and very time consuming to obtain. Here, the ANN analysis that is ideally suited to investigate non-linear relationships with multiple inputs can be used to identify the primary influences on the corrosion of Mg.
From the nine input parameters, the ANN analysis clearly revealed an important influence of the presence of CO 2 on the corrosion rate, which indicates that cell culture conditions should be implemented during corrosion measurements. The physiological relevance is obvious: In ambient air, 0.034% CO 2 is present, whereas in blood and bone, CO 2 values are found that are comparable to the applied amount of 5% CO 2 under the cell culture conditions (Tab. 2). In the presence of 5% CO 2 , the inclusion of an elevated temperature causes an intermediate effect on the corrosion rate due to the increase of the reaction constants.
Therefore, this parameter should also be included in in vitro experiments.
The second parameter that has an intermediate effect on the corrosion rate is the presence of proteins. Here, it is striking that proteins are not found to be one of the prominent factors that reduces the corrosion rate because they are expected to be the most likely candidate to bridge the gap between in vitro and in vivo. Many proteins are able to bind Mg 2+ -ions [67] and for Human Serum Albumin (HSA), which is the human analogue to Bovine (B)SH and the primary component of FBS, it has been reported that between 2 -10 ions can attach to the protein [68] [69] [70] [71] [72] [73] . This fact may explain, in general, the deceleration of the corrosion processes that were also observed in vitro (see Fig. 1 ). However, the ANN does not reveal a very strong impact on the parameter under investigation, the corrosion rate. This result could lead in another direction, namely that the presence of proteins alters the composition of the corrosion layer by introducing additional interactions with the primary corrosion products [26] but has no direct influence on the velocity of the corrosion process itself. In parallel, the interaction of proteins with the contents of the chosen solutions (e.g., calcium depletion) was observed in earlier studies ( [29] ).
Another possibility to explain why the ANN does not reveal an important influence of proteins on the corrosion rate might be that we have integrated the measurements over 72 hours. Time resolved studies under cell culture conditions have revealed that the release of Mg-ions into the corrosion medium is significantly increased in the presence of FBS within the first 24 h due to pH stabilisation [27] , whereas it slows down over time.
A very complicated issue is the influence of the different components of the corrosion solution. Obviously, we can observe a non-linear behaviour for NaCl that depends on a currently unidentified cross reaction. The ANN analysis identified NaHCO 3 in presence of 5% CO 2 as possible counterpart (see Fig. 7 ). A possible cross reaction could be NaHCO 3  Na + + HCO 3 - [74] , which is involved in the buffering system under the influence of CO 2 and interferes with the equilibrium of NaCl dissociation and consequently the effects of Cl -on Mg corrosion.
Glucose has been identified as the least influencing parameter. Glucose does not necessarily interact with any of the available partners. In water, the open-chain form of the molecule is found in equilibrium with its cyclic isomers, but no reports have been found concerning whether tautomerisation ions can bind and prevent ring formation.
In summary, ANN analysis provides the first evidence on what parameters are important for reliable in vitro test conditions (namely CO 2 and NaCl). In addition, we can separate the parameters into parameters of first and second order relevance.
"First Order Relevance" consists of parameters such as CO 2 , the presence of NaCl and NaHCO 3 and temperature that directly influence the corrosion rate. "Second Order Relevance" consists of parameters such as O 2 and proteins that influence the corrosion layer and the final corrosion products. These parameters might also influence the cell reaction in vivo.
The consideration of flow, which has not been implemented in this study but is noteworthy in general, is a very important aspect not only for cardiovascular applications because the blood flow in tissue varies dramatically; in the cardiovascular system, velocities of more than 6000 mL/min have been measured [75] [76] , whereas in bone, flow rates between 0.08 and 0.125 mL/g/min have been measured [64, 77] . This aspect additionally raises complexity but is also an indication that in vitro setups should be established in a tissue-specific way [78] .
Conclusions
ANN analysis represents a useful tool to approximate and analyse the complex nonlinear reactions that occur during the corrosion of Mg under physiological conditions.
Combining ANN analysis with the planning of further experiments allows regions to be identified where additional experiments should be placed either to gain a more robust prediction or to add missing information that was identified by ANN. The experimental effort can be reduced by omitting parameters of negligible influence.
With respect to the long-term goal of simulating in vivo testing with in vitro experiments, the importance of controlling the CO 2 concentration at 5% has been demonstrated. While the effect of O 2 appears to be minor in the presence of CO 2 , NaCl and NaHCO 3 appear to significantly influence the corrosion rate through a yet unidentified cross reaction, which may also depend on temperature. Therefore, parameters of intermediate importance, such as temperature and protein, should be considered in future work with the goal of predicting the corrosion rate with accuracies greater than 1 mm/year. 
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